Abstract. Lung adenocarcinoma (LAD) is difficult to diagnose as it tends to be small in size and metastasize early. The aim of the present study was to investigate prognostic factors for patients with LAD and establish a prognosis risk model. A training set consisting of clinical and RNA sequencing data from 503 patients with LAD, as well as expression data from a further 59 LAD and adjacent tissues, was obtained from The Cancer Genome Atlas. Additionally, a validation dataset was acquired from the Gene Expression Omnibus database (GSE26939), which included clinical and gene expression data from 115 patients. Using the DESeq2 package to compare expression between LAD and adjacent tissues, differentially expressed genes (DEGs) were identified. On the basis of survival and the random forests for survival, regression and classification package, genes for constructing the prognosis risk model were selected. The prognosis risk model was constructed and validated using the survival package. Subsequently, high-and low-risk groups were compared using the Limma package to identify DEGs, and enrichment analysis was performed using the web-based gene set analysis toolkit. A protein-protein interaction network was visualized using Cytoscape software. There were 18,567 DEGs between the LAD samples and the adjacent tissues, and 363 DEGs between the high-and low-risk groups. Of these, four genes were selected for constructing the prognosis risk model, myosin IE (MYO1E), endoplasmic reticulum oxidoreductase 1α (ERO1L), C1q and tumor necrosis factor-related protein 6 (C1QTNF6) and family with sequence similarity 83, member A (FAM83A). The survival time of high-and low-risk groups in the validation set were significantly different. Functional enrichment revealed that the genes that interacted with MYO1E, ERO1L, C1QTNF6 and FAM83A separately were enriched in 'cell cycle regulation', 'synthesis and assembly of nucleic acids', 'histone modification and cell cycle progression' and 'cell secretion process'. The four-gene prognosis risk model could potentially be used for predicting the survival of patients with LAD.
Introduction
Lung adenocarcinoma (LAD), also termed pulmonary adenocarcinoma, is a common type of lung cancer that often occurs in the peripheral lung tissue (1, 2) . LAD is induced by smoking, but is also the most frequent type of lung cancer in non-smokers (3, 4) . The occurrence of LAD in the periphery of the lung may be due to the nature of cigarette filters, which keep larger particles out of the lungs (5) . LAD is difficult to diagnose owing to its small mass, and it readily enters the regional lymph nodes and tends to metastasize at an early stage (6) . LAD is a type of non-small cell lung carcinoma, and its response to radiation therapy is worse compared with that of small cell lung carcinoma (7) . Further understanding of the mechanism of LAD development may result in improved prognosis for patients.
Sex-determining region box 2 can serve as a marker predicting poor outcome and may assist in identifying a high risk of recurrence following surgery in patients with stage I LAD (8, 9) . Zhang et al (10) reported an analysis of the clinicopathological features of LAD that identified the upregulation of programmed death 1 ligand 1 (PD-L1) and PD-L2, indicating that PD-L expression is an independent predictor of LAD (10) . The high expression of metastasis-associated in colon cancer 1 may be a promising predictor of postoperative recurrence in patients with LAD following surgery (11, 12) . Upregulation of the cytochrome P450 family 24 subfamily A member 1 (CYP24A1) in patients with LAD is associated with poor survival, which may be due to the abrogation of anti-proliferative effects of the active form of vitamin D, 1α,25-dihydroxyvitamin D 3 (13) . Upregulation of histone deacetylase 1 in tumor cells can be used as a marker for poor prognosis in patients with LAD (14) . Nevertheless, the previous studies have not comprehensively revealed prognostic factors for LAD. In the present study, RNA-sequencing data of LAD tissues was obtained from The Cancer Genome Atlas (TCGA), and the genes associated with the survival rate of patients with LAD were explored. On this basis, a prognosis risk model was constructed, and validated using microarray data from a separate cohort of patients with LAD. Furthermore, the biological significance of the prognostic differences in patients with LAD was investigated.
Materials and methods
Expression profile data. RNA-sequencing data, including raw count and fragments per kilobase of transcript per million fragments mapped (FPkM) and the relevant clinical data were downloaded from the Genomic Data Commons database (GDC; https://portal.gdc.cancer.gov). There were expression data and clinical data for 503 tissues from patients with LAD in the TCGA dataset (TCGA-LAD), which were taken as the training set for constructing the prognosis risk model for LAD. Additionally, the expression data of a further 59 pairs of LAD tissues and adjacent tissues were obtained.
Gene expression data and clinical data were acquired from the Gene Expression Omnibus database (GEO; http://www. ncbi.nlm.nih.gov/geo) (GSE26939). A total of 115 samples were selected as the validation set for the prognosis risk model. The clinical data of the training set and the validation set are presented in Table I .
Screening for differentially expressed genes (DEGs)
between LAD and adjacent tissues. Using raw data from 59 pairs of LAD and adjacent tissues, DEGs between the two groups were identified using the R 3.1.0 software package DESeq2 1.4.5 (http://www.bioconductor.org/packages/release/bioc/html/DESeq2.html) (15) . The thresholds were log 2 fold change (|log 2 FC|) >1 and false discovery rate (FDR) <0.05.
Identification of genes for constructing the prognosis risk model. In combination with the clinical data and the gene expression data (FPkM values) for each patient, the Cox univariate regression analysis in the survival analysis package for R (https://cran.r-project.org/web/packages/survival/index. html) (16) was used to identify the survival time-associated genes from the DEGs. The log-rank test (17) , sc-test (Rao's score test) (18) and Wald test (19) were utilized to screen genes with P<0.01. Subsequently, the random forests for survival, regression and classification package in R (https://cran.r-project. org/web/packages/randomForestSRC/index.html) (20) was applied for ranking the survival time-associated DEGs by survival contribution degrees. Finally, the genes with survival contribution degree >0.002 were selected as the genes for constructing the prognosis risk model.
Construction and evaluation of prognosis risk model.
According to the FPkM values of the selected genes and the survival status of the patients, the risk scoring formula for prognosis of LAD was constructed using the Cox multivariate regression analysis in R package survival (16) . Subsequently, the risk scores of the 503 patients with LAD were calculated. To assess the predictive independence of the risk scores in the training set, the risk scores and eight clinical factors, including age, sex, smoking status, stage, epidermal growth factor receptor (EGFR), kRAS proto-oncogene, serine/threonine kinase 11 and subtype were subjected to Cox univariate and multivariate regression analyses. In addition, stratified analysis was performed for other survival-associated factors. Thereafter, the patients were divided into high-and low-risk groups according to the median of risk scores. The kaplan-Meier (kM) survival curve (21) was used to evaluate the survival difference between the two groups of patients. Significant differences in the tumor stages of patients in the high-and low-risk groups were identified using a χ 2 test with a threshold value of P<0.05.
Validation of the prognosis risk model. Using the expression and clinical data from the GSE26939 dataset, the risk scores of 115 patients with LAD were calculated using the risk scoring formula. Similarly, the 115 patients were classified into highand low-risk groups. The kM survival curve (21) was used to assess the survival difference between the two groups of patients.
Biological analysis of DEGs between the high-and low-risk groups.
On the basis of the prognosis risk model, the 503 LAD samples were divided into two groups. Using the R package Limma (http://www.bioconductor.org/packages/release/bioc/ html/limma.html) (22) , DEGs between the two groups were identified, using the thresholds of |log 2 FC| >1 and FDR <0.05. Next, the functional and pathway enrichment analyses were conducted for the DEGs using the web-based gene set analysis toolkit (WebGestalt) (http://www.webgestalt.org/option.php) (23) .
Protein-protein interaction (PPI) network analysis.
Using the PPI information in the InWeb_InBioMap database (https://www.intomics.com/inbio/map/#home) (24), the PPI network for the genes involved in the prognosis risk model was constructed using Cytoscape software (http://www. cytoscape.org) (25) . The WebGestalt tool (23) was used to perform functional enrichment analysis for the genes identified to interact with the genes of the prognosis risk model.
Results

Screening for DEGs between LAD and adjacent tissues.
There were a total of 18,567 DEGs between the LAD and adjacent tissues, including 15,483 genes that were significantly upregulated in the LAD tissues and 3,084 genes that were significantly downregulated.
Identification of genes for constructing the prognosis risk model. Cox univariate regression analysis showed that a total of 279 DEGs were correlated with survival time of patients. Subsequently, the 279 DEGs were ranked by survival contribution degrees, and the top four genes were selected for constructing the prognosis risk model (Table II) .
These four genes were family with sequence similarity 83, member A (FAM83A; contribution degree= 0.00309), myosin IE (MYO1E; contribution degree= 0.00231), C1q and tumor necrosis factor-related protein 6 (C1QTNF6; contribution degree= 0.00226) and endoplasmic reticulum oxidoreductase 1α (ERO1L; contribution degree=0.00211).
Construction and evaluation of prognosis risk model.
According to the FPkM values of the four selected genes and the survival status of the patients, the following risk scoring formula for prognosis of LAD was constructed: Risk score = (0.00635 x FAM83A) + (0.02114 x MYO1E) + (0.042 34 x C1QTNF6) + (0.00634 x ERO1L).
The risk scores of the 503 patients with LAD were calculated, and then the risk scores and the eight clinical factors were subjected to correlation and regression analyses. The results indicated that the risk score and the stage of LAD were significantly correlated with patient survival time (Table III) . Based on the median risk score, the patients were divided into high-and low-risk groups. The risk scores and survival status of the 2 groups were statistically analyzed, showing that the high-risk group had more mortality cases (high-risk group, 114/252 patients; low-risk group, 68/251 patients) and a significantly lower overall survival time (high-risk group, 25.9±24.8 months; low-risk group, 34.7+33.6 months; P= 4.44x10 -4 ) compared with the low-risk group (Fig. 1) . Using kM survival analysis, the survival difference between the 2 groups of patients was evaluated ( Fig. 2A) .
Tumor stage can also result in a difference in the patient survival time (Fig. 2B) ; therefore, the number of patients at each stage was evaluated. There were 109, 74, 53 and 15 patients in stage I, II, III and IV in the high-risk group, respectively. In the low-risk group, there were 161, 45, 28 and 10 patients at stage I, II, III and IV, respectively. The tumor stages of patients in the high-and low-risk groups were identified to be significantly different using a χ 2 test (P=1.10x10 -5 ). In addition, stratified analysis was performed for the tumor stage (stage I, II, III and IV). The risk scores of the patients at each stage were calculated, and the patients were divided into high-and low-risk groups. The survival difference between the two groups at each stage was assessed using kM survival analysis (Fig. 2C-F) . The results suggested that the prognosis risk model could significantly differentiate between patients at early stages (P<0.05), but could not distinguish patients at 
Univariate Cox regression
Multivariate Cox regression later stages (P>0.05). Thus, the prognosis risk model was more efficient for patients in the early stages of LAD.
Validation of the prognosis risk model. Using the prognosis risk model, the risk scores of the 115 patients with LAD from GSE26939 were calculated. Similarly, regression analyses were performed for the risk scores and the eight clinical factors, demonstrating that the risk score was significantly correlated with the patient survival time (Table IV) . On the basis of the risk scores, the patients were divided into high-and low-risk groups. Statistical analysis revealed a significantly lower overall survival time in the high-risk group compared with that in the low-risk group (high-risk group, 34.2±31.3 months; low-risk group, 46.9±37.9 months; P= 0.026; Fig. 3 ). There was a significant difference in the survival time between the high-and low-risk groups in the validation set, indicating that the prognosis risk model was efficient and reliable (Fig. 4) .
Biological analysis of DEGs between the high-and low-risk groups.
On the basis of the prognosis risk model, the 503 LAD samples were divided into high-and low-risk groups. A total of 363 DEGs between high-and low-risk groups were identified, including 188 genes that were upregulated in the high-risk group and 175 genes that were downregulated.
Gene Ontology enrichment analysis demonstrated that the DEGs were involved in extracellular structure (extracellular matrix organization, extracellular structure organization, collagen fibril organization), the circulatory system (circulatory system development, blood vessel development, vasculature development, angiogenesis), cell adhesion and cell migration (Fig. 5A) . Pathway enrichment analysis indicated that the DEGs were mainly enriched in focal adhesion, ECM-receptor interaction and protein digestion and absorption pathways (Fig. 5B) . No significant difference was identified by χ 2 test between the high-and low-risk groups in terms of the occurrence of relapse (high-risk group, 82/252 patients; low-risk group, 70/251 patients; P=0.2989). There was also no significant difference between the high-and low-risk groups in terms of the occurrence of metastasis (high-risk group, 17/188 patients with relevant information; low-risk group, 7/170 patients with relevant information; P=0.09914). This may be due to limitations in the clinical factors. PPI network analysis. In the PPI network for the four genes involved in the prognosis risk model, there were 266, 154, 10 and 8 nodes separately interacting with MYO1E, ERO1L, C1QTNF6 and FAM83A (Fig. 6) . Functional enrichment analysis indicated that the interacting genes of MYO1E, ERO1L, C1QTNF6 and FAM83A were mainly involved in M/G1 transition of mitotic cell cycle, ribosome biogenesis, regulation of centrosome duplication and mitotic cell cycle, respectively (Fig. 7) .
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Discussion
In the present study, a total of 18,567 DEGs (including 15,483 upregulated and 3,084 downregulated genes) between LAD 
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Multivariate Cox regression and adjacent tissues were screened. According to the survival contribution degrees, the top four genes (MYO1E, ERO1L, C1QTNF6 and FAM83A) were selected to construct the prognosis risk model. The survival time of the high-and low-risk groups in the validation set were significantly different, indicating that the prognosis risk model was efficient and reliable. The 503 LAD samples were divided into high-and low-risk groups on the basis of the prognosis risk model, and 363 DEGs (including 188 upregulated and 175 down regulated genes in the high-risk group) between the two groups were identified. There was no significant difference between the high-and low-risk groups in terms of the occurrence of relapse or metastasis, suggesting that the prognosis risk model is limited.
The oxidizing enzyme encoded by the ERO1L gene is expressed in the endoplasmic reticulum, and its expression in a variety of cancer cells is higher compared with that in normal tissue (26) . ERO1L contributes to the formation of disulfide bonds on the cell surface and secreted proteins, in combination with the protein disulfide-isomerase, and may be a potential target for cancer immunotherapy (27) . ERO1L overexpression is detected in various tumor types, and it suppresses the T cell response in the tumor by promoting the production of myeloid-derived suppressor cells through the regulation of cytokines and chemokines (28, 29) . ERO1L serves an important role in mediating tumor growth factors, including vascular endothelial growth factor, and its expression has been correlated with poor prognosis in patients with cancer (30) . Therefore, ERO1L may be involved in the prognosis of patients with LAD.
FA M83 family members (FA M83A, FA M83B and FAM83D) exhibit oncogenic potential and are involved in tumor development, and may serve as promising targets for cancer therapy (31) . FAM83 proteins are transforming oncoproteins that regulate EGFR/RAS signaling, and they may prove to be targets for novel tumor-targeting therapeutic strategies (32) . Overexpression of FAM83 proteins leads to higher tumor grade and decreased overall survival, and thus FAM83 proteins are oncoproteins that can be targeted for tumor treatment aimed at inhibiting mitogen-activated protein kinase signaling (33, 34) . The mRNA expression of FAM83B in lung squamous cell carcinoma (LSCC) is significantly higher compared with that in LAD or normal lung, indicating that FAM83B may serve as a diagnostic and prognostic biomarker for LSCC (35) . This indicates that FAM83A may serve an important role in the prognosis of patients with LAD.
MYO1E regulates the migration, adhesion, endocytosis and invadosome dynamics in podocyte cells, which may be used as a prognostic biomarker in clinical applications (36) . Cyclin-dependent kinases mediate the onset of mitosis, cell cycle commitment and DNA synthesis, which are involved in tumor development and are potential targets for cancer treatment (37, 38) . Tumor-secreted factors are precursors for tumor diffusion and migration, which serve critical roles in tumor metastasis and deterioration (39) . Functional enrichment analysis revealed that the genes interacting with MYO1E, ERO1L, C1QTNF6 and FAM83A were involved in cell cycle regulation, synthesis and assembly of nucleic acids, histone modification and cell cycle progression, and cell secretion process, suggesting that MYO1E, ERO1L, C1QTNF6 and FAM83A may be prognostic biomarkers for LAD.
There are a number of limitations to the present study. The results obtained in the present study were not validated through in vitro or in vivo laboratory experiments or clinical study. Therefore, further studies should be designed and performed to confirm these results. Future studies are required to analyze the correlation between MYO1E, ERO1L, C1QTNF6 and FAM83A expression and prognosis of lung adenocarcinoma in clinical samples.
In conclusion, a total of 18,567 DEGs between LAD and adjacent tissues were screened. On the basis of the prognosis risk model, 363 DEGs between the high-and low-risk groups were identified. Additionally, the four genes (including MYO1E, ERO1L, C1QTNF6 and FAM83A) utilized in the construction of the prognosis risk model may be used for predicting the prognosis of LAD. Therefore, in Figure 6 . Protein-protein interaction network constructed for the four genes, ERO1L, FAM83A, MYO1E and C1QTNF6. Red diamonds and green circles represent the four genes and the nodes interacting with them, respectively. The lines represent interaction between the nodes. ERO1L, endoplasmic reticulum oxidoreductase 1α; FAM83A, family with sequence similarity 83, member A; MYO1E, myosin IE; C1QTNF6, C1q and tumor necrosis factor-related protein 6. future clinical practice, it may be possible to predict the prognosis of patients by calculating the risk score using data from surgical specimens. In the future, this risk prognosis model should be further validated using peripheral blood from patients with LAD. Figure 7 . Functional GO terms enriched for the interacting genes of (A) MYO1E, (B) ERO1L, (C) FAM83A and (D) C1QTNF6. GO, Gene Ontology; MYO1E, myosin IE; ERO1L, endoplasmic reticulum oxidoreductase 1α; FAM83A, family with sequence similarity 83, member A; C1QTNF6, C1q and tumor necrosis factor-related protein 6; ncRNA, non-coding RNA; ER, endoplasmic reticulum; COPII, coatomer protein II.
